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Scatter plots comparing SLR predicted by random forest, SVM, MLR for finalized variable configuration using NARR input data. SVM showed a significant
improvement in both correlation and accuracy compared to MLR and other machine learning methods, not counting the RF, which showed additional
improvement compared to the other tested methods. Results were not significantly different when ERA-5 input data was used, WRF-HRRR more accurate,
but far fewer data points.
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Data and Methodology
• Three separate re-analysis data sets
tested – NARR, ERA5, and WRFHRRR, along with 4 machine
learning methods and a Multiple
Linear Regression
• Target data – SLR calculated from
Broxton et al (2016) snow depth,
SWE
• 10-year seasonal time period, 20082019 (2017-2019 for WRF-HRRR)
• Neural network developed with 27
inputs, 1 HL, 20 neurons, only 25
inputs, 19 neurons for ERA data
• Input threshold: 5 cm daily increase
in Broxton data to filter out noise
• SVM, KNN, Random Forest, Neural
Network compared against each
•
other, and against Multiple Linear
Regression
•

Observed SLR

Objective: Test multiple machine learning
(ML) configurations on historical snowfall
events to improve SLR prediction

Plots of the SLR predicted via each of the methods vs the actual observed SLR for the event
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Background
• Operational agencies have struggled to
predict snowfall accurately in the
mountainous Western US
• Current forecast deficiencies at least
partially attributable to poor
prediction of snow-liquid ratio (SLR)
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Scatter matrices show the correlation of the input variables, target SLR data. Correlations shown limited to humidity (SHUM) and temperature (ST, UT)
parameters, returned R2 values between 0.3 and 0.5, others not shown give little to no correlation but still significantly affect network skill.

Conclusions/Future Work
Standard Neural Network showed significant improvement vs Regression, additional improvement shown with Random Forest,
SVM, KNN methods, results consistent between datasets
Next step is to widen the scope of the project to include more of the Western US, emphasize operational forecasting applications

